A significant number of protein sequences in a given proteome have no obvious evolutionarily related protein in the database of solved protein structures, the PDB. Under these conditions, ab initio or template-free modeling methods are the sole means of predicting protein structure. To assess its expected performance on proteomes, the TASSER structure prediction algorithm is benchmarked in the ab initio limit on a representative set of 1129 nonhomologous sequences ranging from 40 to 200 residues that cover the PDB at 30% sequence identity and which adopt a, a 1 b, and b secondary structures. For sequences in the 40-100 (100-200) residue range, as assessed by their root mean square deviation from native, RMSD, the best of the top five ranked models of TASSER has a global fold that is significantly close to the native structure for 25% (16%) of the sequences, and with a correct identification of the structure of the protein core for 59% (36%). In the absence of a native structure, the structural similarity among the top five ranked models is a moderately reliable predictor of folding accuracy. If we classify the sequences according to their secondary structure content, then 64% (36%) of a, 43% (24%) of a 1 b, and 20% (12%) of b sequences in the 40-100 (100-200) residue range have a significant TM-score (TM-score ‡0.4). TASSER performs best on helical proteins because there are less secondary structural elements to arrange in a helical protein than in a beta protein of equal length, since the average length of a helix is longer than that of a strand. In addition, helical proteins have shorter loops and dangling tails. If we exclude these flexible fragments, then TASSER has similar accuracy for sequences containing the same number of secondary structural elements, irrespective of whether they are helices and/or strands. Thus, it is the effective configurational entropy of the protein that dictates the average likelihood of correctly arranging the secondary structure elements. 
INTRODUCTION
For roughly 25% of the sequences in a given proteome, threading fails to identify a structural related template that can be used in subsequent modeling. 1 Since it will take many years until there is at least one deposited structure for every protein family, 2 ab initio or templatefree modeling methods are the only tool available for the structure prediction of these hard cases. Among the various realizations of ab initio methods are those that employ either physics based [3] [4] [5] or knowledge-based potentials derived from a statistical analysis of protein structural databases. 6, 7 While these approaches are in principle applicable to any sequence, in practice because no global template information is used, as evidenced by their recent performance in CASP6, their accuracy has been rather limited. 8 In the past, ab initio methods were validated on a relatively small number of proteins from which it is difficult to extract general trends, including the expected success rate. One trend which did emerge is that the ab initio folding of helical proteins was more successful than for proteins containing b sheets. [4] [5] [6] 9 Often, this reflected a problem with the hydrogen bond term that did not work well for b sheet structures. Alternatively, for a given chain length, since the mean length of a helix is longer than that of a beta strand, the number of secondary structural elements is smaller in helical that in beta proteins. 10 This effect might have contributed to the success rate, but to establish this, a large, representative benchmark set is required.
Recently, we developed the TASSER (Threading/ASSEmbly/Refinement) algorithm, which is designed to span the comparative modeling to ab initio folding regimes. We reported the results for the large scale benchmarking in the limit of weakly homologous, single and multiple domain proteins, 11, 12 where reasonable structural templates can be identified that may or may not be evolutionary related to the sequence of interest. We also explored its accuracy in the comparative modeling regime where there is a clear evolutionary relationship between the target and template structures. 13 As expected, the quality of the prediction deteriorates when the templates identified from threading are unrelated to the target structure of interest. We also applied TASSER to the comprehensive structure prediction of all human GPCRs below 500 residues, 14 as well as benchmarked TASSER on all families of membrane proteins with solved crystal structures. 15 In all cases, the ab initio component of TASSER was applied to model the loops and tails regions lacking a template alignment. However, there has been no systematic examination of the performance of TASSER in the template free limit. Here, we address this issue for single domain proteins ranging from 40-200 residues in length.
METHODS AND MATERIALS Construction of the Benchmark Sets
To generate the set of sequences below 100 residues, S 100 , we retrieve a representative set of a, b, and a þ b protein sequences from the PDB that are under 100 residues whose pairwise sequence identities are no higher than 30%. 1 The resulting set contains 131 a, 60 b, and 102 a þ b proteins (293 total), according to SCOP. 16 For the set of sequences between 100 and 200 residues, S 200 , we similarly retrieve a, b, and a þ b sequences from the PDB with identical sequence identity cut-off (30%). The resulting set contains 230 a, 337 b, and 269 a þ b proteins (836 in total). Predicted models and native structures are available on our website at http://cssb.biology. gatech.edu/skolnick/files/abinitio/ Overview of TASSER in the ab initio limit
The protein is described by a reduced protein model, where each residue is comprised of the Ca and the sidechain center of mass coordinates. Side-chain center of mass coordinates are determined with the Ca coordinates and a two-rotamer approximation. Initial Ca coordinates are generated by first projecting template coordinates of the Ca atoms onto a high coordinated cubic lattice, then connecting consecutive template fragments with an on-lattice random walk of Ca-Ca bond vectors.
Most of the energy potential terms in TASSER have been previously described. 17, 18 Here, we outline its essential ingredients. The potential energy includes: (i) generic hydrogen bonding (ii) side chain contact energies between residues, (iii) short-range backbone correlations reflecting the propensity to adopt a particular secondary structure. Energy terms containing parameters that take into account the target protein's sequence are: (i) amino acid burial propensity; (ii) short-range backbone correlations and a bias in the hydrogen bond to adopt the PSIPRED 19 predicted secondary structure; and (iii) a contact potential derived from the alignment of pairs of small (11 residues) sequence fragments. 11, 18 All templates whose global pairwise sequence identity is higher than 30% are a priori excluded from the calculations. Protein conformational space is searched with a variant of the replica-exchange Monte Carlo algorithm. For each target protein, 40 different simulations with a total of 8Á10 7 Monte Carlo moves are attempted. Simulations are performed concurrently and in a broad range of temperatures (replicas). Protein conformations for replicas with similar temperatures are swapped at regular time intervals with a probability to accept the swap that is dependent on the energy difference between the two conformations. Within each replica simulation, Monte Carlo moves, comprising random selection plus coordinate change of a protein fragment ranging from two to six amino acids in size, are performed. Changes in the protein conformation are accepted or rejected based on an evaluation of the energy difference before and after the conformational change. 20 
Structural Similarity Measures
We use the root mean square deviation (RMSD), 21 the Z-score of the relative root mean square deviation (ZrRMSD), 22 and the TM-score 23 as three metrics to assess the structural similarity of the models to the native structure. While RMSD is a more intuitive measure, the same RMSD value represents models of different quality for sequences of varying lengths. Z-rRMSD is independent of target sequence length, and from a practical point of view, we consider a protein as folded if the Z-rRMSD of the model is lower than À4.45 (P-value ¼ 10 À5 ). In cases when only a fraction, albeit significant, of the residues fold close to native, the low RMSD signal from these residues is lost due to the high RMSD values of the other residues. The resulting RMSD and Z-rRMSD values don't differentiate these cases from a random structure to native. In contrast, the TM-score can report the subset of residues with coordinates close to native, and its value distinguishes these cases from a random global alignment. In addition, the TM-score is sequencelength independent. Again, for practical purposes we consider a protein as folded if it has a TM-score of 0.4 or higher. This value usually indicates that more than half of the residues have coordinates close to native. The average TM-score of a pair of randomly related structures is 0.17 24 and that of the best structural alignment of a pair of randomly related structures is 0.30, with a standard deviation of 0.01. 24 
Clustering Algorithm
We employ the SPICKER 25 algorithm to cluster the structures generated by TASSER, and obtain an average structure (model) for each of the top five clusters ranked by cluster density. The density of a cluster is the number of cluster members divided by the average RMSD of the members to the average structure. We report results for the average structures having the best RMSD, ZrRMSD, and TM-score to native, termed the best model, and the average structure of the densest cluster, termed the first model.
RESULTS

S 100 Set
The probability that the best model has an alignment to native better than some particular RMSD value [ Fig. 1(a) ] shows that models for a proteins are consistently more accurate than for a þ b proteins, that in turn are more accurate than for b proteins. Other ab initio methods 6, 9 also report that b proteins are the most difficult to fold.
In contrast, the accuracy of TASSER when global templates can be successfully identified (which is not the situation described here) is independent of secondary structure class. 11 The analogous probability distribution with the Z-rRMSD score [ Fig. 1(b) ] shows that TASSER predicts 33% of the best a models with a significant global alignment to native (Z-rRMSD À4.25, P-value 10 À5 ), and the average and standard deviation of the RMSD to native of these models is 4.1 AE 0.5 Å . Corresponding success rates for a þ b and b proteins are 27% and 16%, respectively. The rank distribution of the best model in these predictions (not shown) is not significantly different from a flat distribution (v 2 $ 0.5 for the three secondary structure classes). However, we find that best and first models coincide much more often than randomly expected 32% for a, 48% for b, and 35% for a þ b proteins. The average rank of the best model is independent of secondary structure class (a: 2.9 AE 0.7, a þ b: 2.6 AE 0.7, b: 2.6 AE 0.7). The reason why the best and first models do not coincide even more often is that the five top models are structurally similar to each other, and the current ab initio TASSER potential may not discriminate in some cases from among a set of similar structures the one which is closest to the native state. The average and standard deviation of the TM-score among the top five models is 0.66 AE 0.16 for a proteins, 0.63 AE 0.16 for a þ b proteins, and 0.50 AE 0.14 for b proteins.
Since there may be target sequences for which TASSER correctly predicts the coordinates of a significant fraction of the residues, we calculate the TM-score of the models to the native structure to detect such cases. The probability that the best model has an alignment to native better than some particular TM-score [ Fig. 1(c) ] shows that 78%, 42%, 28% of a, a þ b, b sequences respectively have significant predictions (TMscore !0.4). These percentages are higher than those we obtain using the Z-rRMSD cut-off because the Z-rRMSD measure can detect only folds with overall global similarity to native. The average and standard deviation of the TM-score among the five models of the same target sequence is 0.70 AE 0.15 (a), 0.63 AE 0.16 (a þ b), and 0.57 AE 0.15 (b), respectively. The structural similarity among the top five models as assessed by their average TMscore has a 0.5 correlation coefficient to the TM-score of the best model to native [ Fig. 2(a) ], and the correlation coefficient is independent of the secondary structure class. This structural similarity among the models arises when different initial conformations are driven via TASSER simulations towards conformations that are structurally close. This can happen if the parameterization of the potential energy reproduces some of the features of real proteins. Then, the different initial conformations converge to conformations that are structurally similar to the global minimum (native state), and therefore, are similar to each other.
S 200 Set
Figure 3(a), for 100-200 residue proteins shows the probability of folding a target sequence below a certain RMSD threshold. Again, a proteins are the easiest secondary structure class to fold. The percentage of sequences with the best model having a significant global fold (Z-rRMSD À4.25, P 10 À5 ) is 26%, 17%, 12% for a, a þ b, b proteins [ Fig. 3(b) ], and the average and standard deviation of the RMSD to native of these models is 6.4 AE For instance, a model with a TM-score ¼ 0.4 has 48% to 61% of its residues with a RMSD to native typically between 3.0 and 4.5 Å . The RMSD of this region shows also a linear correlation with TM score (RMSD $ 5.2 Å -3.8 Å ÁTM, r ¼ À0.66). Thus, while only a few percent of targets have a global RMSD below 5 Å [see Fig. 3(a) ], there are many more targets with at least half of their residues below this RMSD value, usually located in the protein's core. Using the TM-score measure, the rank distribution of the best models is not significantly different from a flat distribution (v 2 $ 0.3 for all three secondary structure classes), but as with the previous S 100 set, the best and first models coincide more often than the randomly expected 20% (a: 40%, a þ b: 28%, b: 46%). The average rank for the best model is 2.5 AE 0.7 (a), 2.6 AE 0.7 (a þ b), and 2.3 AE 0.7 (b) respectively. Finally, we find a correlation coefficient of 0.7 between the TM-score of the best model to native and the average TM-score among the top five models [ Figure 2(b) ], so that the average TM-score among the models is a moderately reliable indicator of a successful prediction in the 100-200 residue range.
We show in Figure 4 some representative target examples, with lengths in between 64 and 141 residues, where TASSER provides a significant prediction. Figure 4(a) shows the best of the top five models (rank ¼ 2) for Granulysin from human cytolytic T lymphocytes (PDB code 1l9lA, 74 residues), which adopts the Saposin-like fold (an orthogonal bundle of four helices). For this target, TASSER correctly predicts the positions of all Ca atoms, with a global RMSD of only 1.64 Å . Figure 4(b) shows the best of the top five models (rank ¼ 1) for one monomer of the homo-tetrameric hemoglobin of Urechis caupo (1ithA, 141 residues). TASSER predicts a structure with an RMSD of 5.6 Å and a TM-score of 0.59, with the major errors due to one long loop and the C-terminus. Two reasons, both extrinsic to the protein chain, converge in this target to account for the misoriented residues. First, the absence of an explicit representation of the Heme group in our model forces the C-terminal to occupy part of the volume left by the absent Heme group in the protein core. Second, extensive interactions with the other monomers of the biological unit produce a tight geometry in the long loop that otherwise may not be the most stable in the monomeric state. Figure 4(c,d) show two representatives of the Immunoglobulin-like sandwich fold of b proteins. Figure 4(c) shows the best of the top five models (rank ¼ 2) for the human soluble tissue factor (1danT, 75 residues). TASSER yields a structure with a global RMSD of 3.34 Å and a TM-score of 0.86. Figure 4(d) shows the best of the top five models (rank ¼ 1) for a mutant T cell receptor (TCR) V alpha domain (1ac6A, 110 residues) with a RMSD of 4.17 Å . This protein contains 12 strands arranged in two sheets. Figures 4(e,f) show two representative results for a þ b proteins. Figure 4(e) shows the best of the top five models model (rank ¼ 1) for the cyanobacterial copper metallochaperone, ScAtx1, (1sb6A, 64 residues) with a global RMSD to native of only 1.99 Å . Finally, Figure 4(f) shows the best of the top five models model (rank ¼ 1) for one of the protein chains of the Grb10 Src homology 2 domain, a natural dimer (1nrvA, 100 residues). The global RMSD is 2.86 Å .
In addition to these previous examples, we show in Figure 5 two targets for which TASSER predicts a reasonably good substructure but with a high global RMSD. Figure 5 (a) shows the predicted the best of top five models (rank ¼ 2) for the human interferon b (PDB code 1au1A, 166 residues), which adopts the 4-helical cytokine fold. For this target, TASSER correctly predicts 66% of the structure with a RMSD ¼ 3.09 Å , corresponding to three helices of the four-helix bundle plus the extra helix characteristic of the cytokine fold. The remaining residues are located in the extra helix at the N-terminal and two long, connecting loops. The model has a global RMSD of 15.2 Å , and a TM-score of 0.51. From these examples, we observe that unaligned residues tend to be located in the termini and long loops, resulting from incorrect assignment of secondary structure and/or the inherent disorder of the tails. The presence of other protein chains, prosthetic groups, metals and binding molecules/peptides in the native state may also force the protein chain to adopt some local geometry that our monomer potential ignores. Figure 5(b) shows the predicted best of the top five models (rank ¼ 1) of the mannose 6-phosphate receptor (1c39A, 152 residues). TASSER correctly predicts 64% of the structure with a RMSD ¼ 3.08 Å , corresponding to seven of the nine strands. An incorrect assignment of secondary structure in the first 51 residues by the PSIPRED program results in TASSER generating a helix in place of the first strand, forcing the misalignment of the N-terminal and a global RMSD to native of 14.7 Å . A more dramatic example of incorrect secondary structure assignment occurred for target protein 1a30A. PSIPRED assigned helices to four of the nine native strands, resulting in a model with different fold than native (TM ¼ 0.27, RMSD ¼ 11.7 Å ). On the other hand, the JPRED secondary structure predictor server 28 correctly assigned eight of the nine strands. Thus, the use of a secondary structure meta-predictor could aid in improving the accuracy of secondary structure assignments. One example of correct secondary structure assignment but incorrect assembly into the native fold is target 1m4oA (TM ¼ 0.23, RMSD ¼ 10.1 Å ), composed of three helixes and eight strands. Both the native structure and the best predicted model have a very similar radius of gyration, but the native structure contains almost double number of long range contacts than the best model. Thus structures of lower contact order are predicted. The ratio (q) of model longrange contacts to native long-range contacts decreases from a q ¼ 0.9 ratio for a contact between two residues separated by 30 residues to a q ¼ 0.6 ratio for a contact separated by 160 residues. This scenario may be typical of a target protein with a pair contact potential that is not specific enough to the target. Finally, other failed predictions include target proteins with very open structures (1mhlA), or two-domain proteins for which TASSER fails to reproduce the correct domain orientation (1bcpB). We will address these more complex cases after we fine-tune ab initio TASSER to produce low RMSD models for globular, single-domain proteins.
Dangling Termini
The prediction of protein termini is of special difficulty, as it is often observed that termini do not adopt a particular secondary structure or lack interactions with the rest of the protein. There are several scenarios for which the termini may not be correctly predicted: (i) incorrect packing against the protein core; (ii) interactions with another protein; and (iii) the termini point away from the protein core in the native structure for no apparent reason. One can argue that there is information missing in the last two scenarios that may prevent TASSER from predicting the correct orientation of the termini.
We examine the disorder present in the termini of targets of the S 200 set by counting the number of dangling residues. We define residue at position i as dangling if it has no contacts with other residues, excluding the [i À 4, i þ 4] range of local neighbors. In addition, we define two residues in contact if the center of mass of their respective chains is below some cut-off distance, taken from an analysis of PDB structures. By adding all the dangling residues found in the native structures of the 836 targets, we find 2682 dangling residues, which means that on average, there are four dangling residues per target. Figure 6(a) shows the probability that a target in the S 200 set has less than some particular number of dangling residues, either in the N, C or both termini. Only a relatively few number of targets have dangling tails of considerable length. Thus, if we trim the dangling residues off all the targets and recalculate the percentage of targets in S 200 having the best model with significant TM-score, then the percentage of acceptable predictions shows a gain of 2.1% (TM-score >0.4) with respect to the calculation including the dangling residues. This percentage gain is higher if we select the targets having dangling tails of considerable length, instead of all targets in S 200 . Figure 6(b) shows the percentage gain in TM-score if we select targets having a number of dangling residues above certain cut-off value, trim these residues off, and then recalculate the percentage of targets with a significant TM-score (>0.4). We find that the gain is exponential with the cut-off value, as shown in the fit of Figure 6(b) . This indicates the relevance of dangling tails in the prediction of the native structure of some proteins.
Since TASSER has difficulty predicting the native coordinates of dangling tails (if indeed there are any), we examine the ability of TASSER to predict whether a residue will be dangling in the native state. Models generated by TASSER correctly identify 33% of these residues as dangling. The remaining 77% of the dangling residues make some contact(s) in the TASSER generated models. Conversely, these results change only slightly if we focus in the N terminus (31%) or in the C terminal (34%). TASSER generated models also predict dangling residues which are not dangling in the native state. About 33% of the TASSER dangling residues are correctly identified. TASSER predicts a larger excess of dangling residues in the N-terminus (18% of them are correctly identified) than in the C terminus (45% identified), due to the fact that there are less dangling residues in the N terminus of native states than in the C terminus. These results suggest that inclusion of a bias for predicted intrinsic disordered regions 26 in the TASSER potential energy may increase the ability of TASSER to discriminate a dangling tail from a terminal that interacts with the rest of the protein.
Number of Secondary Structure Elements
Independent of the structural similarity measure that we use (either Z-rRMSD or TM-score), the results consistently show that the prediction accuracy decreases with increasing number of strands in the protein. Thus, a þ b proteins are harder to predict than a proteins, and b proteins are harder to predict than a þ b proteins. Can the observed lower folding probability of b sequences be attributable to the relative higher number of secondary structure elements (NSS), when compared to a sequences of same length? As NSS increases, we expect that the potential energy loses its ability to discriminate the unique native structure among the different ways in which the elements of the secondary structure can arrange and produce different topologies. We estimate of the order of e NÁln(z) arrangements, where N is the number of independent elements here taken to be the secondary structure elements, and z is the partition function of the internal degrees of freedom of a typical secondary structure element. If no energy function is used, then all arrangements are equally likely and the probability of finding the unique native structure among the set of arrangements would be at best
NSSÁlnðzÞ ¼ e ÀNSSÁlnðzÞ or lnðP F Þ$NSS:
In addition to the number of secondary structure elements, structural similarity measure between the model and native structures will be adversely affected by the presence of residues that are not part of the secondary structure elements, that is, loops and dangling tails. These coil-residues may be flexible and therefore their alignment to native is of increased difficulty to predict.
To eliminate the effect of the coil-residues from our resulting TM-score values, we will only take into account those residues predicted to adopt a helix or strand conformation when calculating the TM-score. The resulting scores will assess the significance of the model topology to the native topology. Figure 7(a) shows the logarithm of the percentile probability that a sequence of given length and secondary structure class will have a significant TMscore, log(P F (TM >0.4jL,class)). The probabilities are relatively high for sequences below 150 residues, a direct consequence of removing coil-residues from the calculation of the TM-score. P F has a monotonic decrease with increasing sequence length, which becomes more acute for sequences above 150 residues. We observe that the probabilities for a proteins are consistently higher than those of b proteins, with an average difference of 18% over the whole range of sequence lengths. Figure 7(b) shows the logarithm of the percentile probability that a sequence of given number of secondary structure elements will have a significant TM-score, log(P F (TM >0.4jNSS,class)). We observe again a monotonic decrease of the probability with increasing NSS, except for a flattening in the curve corresponding to a þ b proteins in the small NSS range (NSS <5). The reason for this exception may be an insufficient number of target proteins, since one additional pseudo count for each NSS in this range, having significant TM-score would give the monotonic decrease in this NSS range. a Proteins have a slightly higher probability than b proteins in the 1<NSS<8 range, with an average difference of 5%. For higher NSS (7 < NSS <10), b proteins have a 7% higher probability than a proteins. The overall difference between a-and b proteins over the whole NSS range is 1.3% in favor of a proteins, much smaller than the 18% when we plot the probabilities against sequence length. We show the exponential fit (dashed line) of all three secondary classes in the NSS<9 range, with a 0.91 correlation coefficient. The fit suggest that the specificity of the TASSER potential decreases exponentially with the number of secondary structures, due to the increasing number of arrangements with a potential energy similar to that of the native structure. The trend is independent of the type of secondary structure so that in the ab initio limit, TASSER has a similar accuracy for sequences of different secondary structure classes and the same number of secondary structures. Above NSS ¼ 8, TASSER more frequently assigns an energy to the native structure that is significantly higher than the structure having the minimum energy. Thus, the probability of predicting the native structure in this scenario is lower than the case when no energy function is used and all structures are equally accessible. Hence, the sharp decrease of the folding probability in the high NSS range.
CONCLUSIONS
We have assessed the ability of TASSER in the template free limit to predict the global fold of a comprehensive set of nonhomologous a, a þ b, and b sequences below 200 residues. For representative sequences below 100 residues, in the top five ranked models TASSER predicts structures whose global fold bears a statistically significant similarity to the native structure (Z-rRMSD À4.25) in 43% of a, 33% of a þ b, and 19% of b proteins. For sequences in the 100-200 residue range, the corresponding success rates are 33% for a, 24% for a þ b, and 15% for b proteins. Even when the entire fold is not correctly predicted, TASSER can in some cases predict the correct structure of the protein core. For sequences below 100 residues, it can generate models in the top five ranked models with significant TM-score (TM-score !0.4) in 64% of a, 43% of a þ b, and 20% of b sequences. For sequences 100 to 200 residues in length, these percentages are 36% for a, 24% for a þ b, and 12% for b proteins with the poorly predicted regions located in loops and at the N-and C-termini. Furthermore, structural similarity among the top five clusters is a moderately reliable predictor of folding success. Finally, for all sequences below 200 residues, the ability of TASSER to predict the structure of the protein core, represented by its secondary structure elements, is very similar for a, a þ b, and b sequences with the same number of elements. Thus, the success of TASSER is strongly dictated by the size of the conformational space which must be searched, which is a function of the number of secondary structural elements.
While the results of this comprehensive benchmark are encouraging, clearly improvements in the TASSER force field are required. One possibility is to reparameterize the TASSER force field specifically for the template free limit (at present, the relative weights of the terms in the potential are the same regardless of whether template information is used or not 18 ). Alternatively, additional terms might need to be added to the potential to enhance the sequence-structure specificity. These might include a bias towards intrinsic-disordered residues, 26 distance-dependent pair potentials, 7 as well as three-body terms. 27 Finally, the use of a secondary structure meta-predictor could improve on the current secondary structure assignments. These issues as well as others will be examined in detail in the near future. 
